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Abstract 
The natural flow regime of rivers and their ecosystem health can be substantially altered by various 
human activities such as damming and reservoir construction. In addition they are also subject to the 
uncertain effects of climate change. Indeed it is likely that the structures and functions of estuarine 
ecosystems respond to alterations in river flow regime and climate change simultaneously. Due to the 
complexity of aquatic ecosystems, functional indicators such as metabolism are required to quantify such 
ecological responses and establish robust and generalized hydrologic-climatic/ecological response 
relationships. The Bayesian approach has previously proved to be a flexible and highly valuable approach 
to model such complex and uncertain environmental systems, especially in data-poor situations. The goal 
of this study was to develop a Bayesian model to explore how ecosystem metabolism is influenced by 
alterations to flow and climate change in the Yellow River Estuary of China. The daily metabolism was 
calculated from measurements of dissolved oxygen taken at 15 minute intervals over a 24 hour period 
using Odum’s classic method. Nine other environmental properties of the water were considered along 
with two climatic indicators. The samples were taken from the Yellow River Estuary over a 2-year period 
from April, 2009 to September, 2010. A Bayesian approach was used to simulate the response of the 
ecosystem metabolism to the significant correlation factors using WinBUGS 1.4 software. Of the 11 
variables characterizing freshwater, the freshwater inflow, turbidity, salinity, dissolved oxygen and total 
daily radiation were identified as significant impact factors for metabolism. The regression coefficient 
estimation, standard error and P-value of the Bayesian model were compared with the values generated 
by a multiple linear regression model. The Bayesian model was found to have a narrower confidence 
interval and higher precision than the multiple linear regression model. The posterior probability 
distribution of the Bayesian model parameters can be used as the prior probability distribution for 
subsequent analysis. The Bayesian model proved to be a useful tool to understand ecological responses to 
the combined action of alterations to river flow and climate change. 
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1. Introduction 
Climate change [1-2] and changes to the natural flow regime of rivers as a result of diversion for 
human uses [3-4] have a significant effect on the ecosytems and organism of river esturaries. However, 
the type and magnitude of the ecological responses to these changes are particularly difficult to predict in 
an estuarine ecosystems [5]. Estuarine and coastal environments, receiving freshwater inflow from 
watersheds, are driven by a suite of environmental factors that can all be influenced by anthropogenic and 
climatic modifications [6-7]. Ecosystem functions may provide an important way to understand the 
comprehensive consequences of these hydrological and climatic changes on aquatic ecosystems. In recent 
years, the study of aquatic metabolism in estuaries, which can be represented by gross primary production 
(GPP), ecosystem respiration (ER) and net ecosystem metabolism (NEM), has received much attention 
[8-9]. Linking hydrological and climatic changes to processes like metabolism can provide an important 
way to understand the consequences of environmental changes on aquatic ecosystems [5, 10]. However 
the complexity of estuarine ecosystems, including spatial and temporal variability and different driver 
factors [7, 11] make it difficult to establish robust and generalized hydrologic-climatic/ecological 
response relationships. The Bayesian approach has proved to be a flexible and highly valuable approach 
to model such complex and uncertain environmental systems, especially in data-poor situations [12-14]. 
The goal of this study was to use this approach to produce models to explore how ecosystem metabolism 
is influenced by hydrologic alteration and climate change and apply it to data obtained from the Yellow 
River Estuary in China. The ecosystem metabolism was calculated at seven sites over a 2-year period 
from April, 2009 to September, 2010. A comparison between the Bayesian model and conventional 
multiple linear regression model was conducted. 
2. Methods and Materials 
2.1. Bayesian method  
The Bayesian method was used to model the relationship between ecosystem metabolism and its 
impact factors. Linear regression was chosen because it is the simplest model for an unknown trend. 
Bayesian modelling revolves around Bayes’ Theorem which provides a mathematical expression for 
updating the estimate of a given statistical parameter [12]. There are two main differences between the 
Bayesian method and the conventional statistical method. Firstly the Bayesian method uses prior 
information and secondly it considers the parameters as random variables [15], both of which improve the 
capacity to detect important interactions in the data [16]. The linear regression models of the Bayesian 
model form were as follows: 
 
yi ~ N(μi, δi) 
μi = b0+ a1x1i + a2x2i+ a3x3i +...+εi 
εi ~N(0, τ)                                                                      (1) 
 
where the individual model was indexed by the values of the four parameters a, b, δ and τ. yi is the 
value of the response variable (GPP, NEM or ER) for day i in the time-series at each site. ai are regression 
coefficients, b0 is the constant. xi represents the factors acting on metabolism, such as DO, FWI and so on. 
ε is a serially independent, normally distributed random variable representing the residual at each period 
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of time. For a Bayesian analysis the prior distribution in each of the possible values of the parameters 
must be stated, which is one of the main differences between it and frequency statistics [13]. Because 
little information was available concerning these parameters, a minimally informative prior distribution 
was adopted. The regression model was written and implemented in the Markov chain 
Monte-Carlo-based Bayesian analysis software WINBUGS 1.4.2 (http://www.mrc-bsu.cam.ac.uk/bugs. 
[17-18]).  
 
2.2 Data collection 
The Yellow River Estuary is located in the northern part of Shandong Province, south side of the 
Bohai Sea, China (Fig.1), spanning 118°31′E～119°18′E, and 36°55′N to 38°16′ N, and has an area of 
2200km2. The tidal range is small averaging between 1.1 and 1.5 m. The region is characterized by a 
warm temperate, semi-humid continental monsoon climate. The annual average air temperature is 12.8°C, 
with 196 frostless days [19]. The average annual wind speed is 3.1~4.6m/s and the annual average rainfall 
554.6 mm. However the annual runoff from the Yellow River changes significantly with an average of 
31.3 × 109m3, the maximum and minimum values is 97.3 × 109m3 and 1.9 × 109m3, being recorded in 
1964 and 1997, respectively. Fig.1 shows the location of the Yellow River Estuary and the seven 
sampling sites investigated in this study. The six sampling sites A~F were located within the river channel 
while site G was located 2.5 km offshore. In recent years, the regulation of dams for human activities has 
substantially changed the Yellow River flow regime by for example reducing peak flows during the 
flooding season and releasing the water during the dry season [20-22]. Wang et al. [23] considered the 
combined effects of climate change and human activities in the upper, middle, and lower reaches and 
noted a stepwise decrease in the sediment load delivered to the sea from the Yellow River.  
 
     
 
Fig.1. Location of sampling within the Yellow River Estuary, China 
 
Nine aquatic environmental indicators and two climate factors were monitored for each site from April, 
2009 to September, 2010. The nine aquatic environmental indicators were dissolved oxygen (DO) and 
DO saturation percentage, pH, chemical oxygen demand (COD), dissolved inorganic nutrients including 
phosphate (DIP) and nitrogen (DIN) (the sum of NH4+, NO3- and NO2-), salinity, turbidity, chlorophyll a 
and the daily freshwater inflow (FWI). The two climate factors were water temperature (Water T.) and 
total daily radiation (Rad.). The five indicators DO, pH, salinity, chlorophyll a and Water T. were 
measured at the mid-depth of each sampling site at 15 minute intervals over 24 hours using a Hydrolab 
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series DS5X multi-parameter water quality data sondes (Hydrolab Corp.). The total daily radiation was 
recorded at a Weather station in the Yellow River Estuary. The discharge was recorded by the Lijin gauge, 
which is the last gauge station located 70 km offshore from the estuary. N-NH3+ (mg/L), N-NO3-(mg/L) 
and N-NO2-(mg/L) of water column which were measured with auto analyzer by the salicylic acid method, 
cadmium reduction method and diazotization method, respectively; DIP was measured by ascorbic acid 
method and COD by reactor digestion method. The calculated data was adopted mean of three times 
measurements. The daily metabolism was estimated using the open-water DO curve method, which uses 
diel changes in DO concentrations over a 24 hour period to estimate the daily NEM and ER. The daily 
GPP, the sum of the NEP and ER [5, 24], was calculated automatically using the RIVERMET tool 
(available from http://www.ehu.es/streamecology) [5].  
Table 1 shows the descriptive statistics of the three metabolism indicators. The mean GPP (1.989 
mgO2L-1d-1) was lower than the mean ER (2.01mgO2L-1d-1), while the daily NEM ranged from -5.792 to 
4.84 mgO2L-1d-1, with a mean of -2.215 mgO2L-1d-1. If these values accurately reflect the heterotrophic 
ecosystem metabolism it represents a huge source of CO2. 
 
Table 1. The descriptive statistics of the three metabolism indicators 
 
Factors Minimum Maximum Mean SD 
GPP (mgO2L-1d-1) 0.002 6.648 1.989 1.749 
ER(mgO2L-1d-1) -1.975 6.123 4.184 2.01 
NEM(mgO2L-1d-1) -5.792 4.84 -2.215 2.801 
 
3. Results and discussion 
After 10000 iterations of each model, the Markov chain achieved convergence. Table 2 shows the 
descriptive statistics of the node parameter posterior probability distribution of the Bayesian model. The 
mean of each parameter was adopted as the regression coefficients for the equation and the best-fit model 
for GPP was as follows  
 
GPP=-0.0023Tur.+0.2677DO+10-4×4.556FWI+10-4×1.08 Rad. -2.164                                                 
NEM=-0.0029Tur.+0.5952DO+10-4×1.34FWI+ 3.457 
ER=-0.0520Salinity+4.592.                                      (2) 
 
Table 2. Descriptive statistics of parameter posterior probability distribution of the Bayesian modelling (S.D. refers to standard 
error) 
 
Matabolism Node Mean S.D. MC error 2.5% Median 97.5% 
GPP 
constant -2.1640 2.0940 0.0380 -6.3130 -2.1550 1.9840 
Tur. -0.0023 0.0010 2.062E-5 -0.0046 -0.0023 -1.728E-5 
DO 0.2677 0.1936 0.0034 -0.1152 0.2657 0.6542 
FWI 4.556E-4 0.0013 2.116E-5 0.0022 4.609E-4 0.0030 
Rad. 1.08E-4 5.283E -5 1.001E-6 3.229E-6 1.079E-4 2.124E-4 
δ 0.9821 0.1775 0.0039 0.7093 0.9585 1.4000 
τ 1.1320 0.3801 0.0079 0.5109 1.0890 1.9880 
NEM 
constant 3.4570 3.4370 0.05891 -3.4410 3.4890 10.2700 
Tur. -0.0029 0.001976 3.368E-5 -0.0068 -0.0029 9.185E-4 
DO 0.5952 0.3388 0.006042 -0.0720 0.5913 1.2720 
FWI 1.34E-4 0.0022 3.202E-5 -0.0041 1.187E-4 0.0044 
δ 1.7690 0.3112 0.006772 1.2840 1.7290 2.5020 
τ 0.3476 0.1140 0.002304 0.1600 0.3345 0.8067 
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ER 
constant 4.592 0.386 0.00458 3.829 4.595 5.348 
salinity -0.0520 0.02607 2.804E-4 -0.1038 0.05181 -8.934 E-4 
δ 1.1000 0.178 0.0026 0.8174 1.0780 1.1520 
τ 0.8891 0.2726 0.0038 0.4376 0.8612 1.4970 
 
To compare the difference between Bayesian models and conventional statistical models, correlation 
analysis of the ecosystem metabolism and the other 11 indicators was conducted using SPSS 13.0 
software to determine which attributes of the freshwater inflow affected metabolism the most. The data in 
Table 3 shows a correlation between GPP and 5 factors: turbidity (r=-0.486, P<0.05), DO (r=0.536, 
P<0.01), FWI (r=-0.505, P<0.05) and Rad. (r=0.465, P<0.05). DO and total daily radiation had a positive 
relationship with GPP, but the Turbidity and FWI had a negative effect. The NEM was found to correlate 
with only 3 factors: turbidity (r=-0.479, P<0.05), DO (r=0.511, P<0.01) and FWI (r=-0.4256, P<0.05). 
However the ER was not significantly correlated to any factors although the ER did have the highest 
Pearson coefficient for salinity (r=-0.411). 
 
Table 3. Pearson coefficients calculated among metabolism and environmental variables, salinity (Sal.), turbidity (Tur.), freshwater 
inflow (FWI), chlorophyll a (Chl.- a) and total daily radiation (Rad.)  
 
Variable pH Sal. 
(‰) 
Tur. 
(NTU) 
DO 
(mgL-1) 
DIP 
(mgL-1) 
DIN 
(mgL-1) 
COD 
(mgL-1) 
FWI 
(m3s-1) 
Chl. -a 
(ugL-1) 
Tem. 
(℃) 
Rad. 
(Wm-2) 
GPP 0.033 0.226 -0.486(*) 0.536(**) -0.200 -0.142 0.250 -0.505(*) 0.275 0.079 0.465(*) 
ER 0.237 -0.411 0.386 -0.168 -0.005 0.239 -0.381 0.266 0.074 0.079 -0.161 
NEM -0.057 0.289 -0.479(*) 0.511(*) -0.082 -0.141 0.279 -0.425(*) 0.131 -0.017 0.344 
** Represents significant correlation at the 0.01 level (2-tailed); * Represents significant correlation at the 0.05 level (2-tailed). 
 
The multiple linear regression models of ecosystem metabolism and its impact factors were conducted 
using SPSS 13.0. Table 4 shows all the Parameter estimates, standard errors and P-values from both the 
Bayesian model and multiple linear regression model. According to the regression coefficients the means 
from the two models, no significant difference was found. However the standard errors of the Parameter 
estimates from the Bayesian model were all higher than the values from the multiple linear regression 
model. This indicates that the Bayesian model had a higher error when comparing the same parameter 
means produced by the two different models. It can therefore be concluded that the Bayesian model had a 
narrower confidence interval and a higher precision. 
  
Table 4. Parameter estimates, standard error (S.D.) and P-values of the Bayesian models and the multiple linear regression models 
 
  Bayesian model Multiple linear regression model 
Matabolism Variable Mean S.D. MC error Mean S.D. P-values 
GPP 
constant -2.1640 2.0940 0.0380 -2.216 1.976 0.277 
Tur. -0.0023 0.0010 2.062E-5 -0.002 0.001 0.049 
DO 0.2677 0.1936 0.0034 0.274 0.179 0.143 
FWI 4.556E-4 0.0013 2.116E-5 4.884E-4 0.001 0.046 
Rad. 1.08E-4 5.283E -5 1.001E-6 1.0715E-4 0.000 0.046 
NEM 
constant 3.4570 3.4370 0.05891 0.668 3.185 0.050 
Tur. -0.0029 0.001976 3.368E-5 -0.003 0.002 0.128 
DO 0.5952 0.3388 0.006042 0.605 0.316 0.070 
FWI 1.34E-4 0.0022 3.202E-5 2E-4 0.002 0.918 
ER constant 4.592 0.386 0.00458 4.590 0.370 0.000 salinity -0.0520 0.02607 2.804E-4 -0.052 0.025 0.052 
 
However it should be noted that a minimally informative prior distribution was adopted in the Bayesian 
model because no previous information for the ecosystem metabolism of the Yellow River Estuary was 
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available. This accounted for the similar means of the Parameter estimates produced by the two different 
models. Once effective prior information is available, the capacity of the Bayesian method to detect 
important association in the data will be improved [13, 16]. Importantly, the posterior probability 
distribution produced by this first analysis can be used as the prior probability distribution for subsequent 
analyses. 
The changes in hydrologic regime resulting from anthropogenic activity, either directly (e.g. by 
irrigation withdrawal) or indirectly (via climate change) can be large. Linking these changes to processes 
like metabolism provides an important way to understand the consequences of global and 
continental-scale changes to aquatic ecosystems [10]. The regression analysis using the Bayesian method 
integrated the effects of hydrologic alteration and climate change with an ecosystem metabolism data set. 
The analysis demonstrated that metabolism was strongly related to DO, turbidity and freshwater inflow, 
and in turn that changes in hydrology and climate could alter the patterns of biotic production.  
The estimation of the regression coefficient, standard error and P-value generated by the Bayesian 
model were compared with the values from a conventional multiple linear regression. The Bayesian 
model had a narrower confidence interval and a higher precision of parameter estimation. The posterior 
probability distribution produced provides useful information for the further analysis of highly complex 
and uncertain environmental systems.  
 
4. Conclusion 
 
A Bayesian approach was used to simulate the Yellow River Estuary’s metabolism response to these 
significant factors. Under the current hydrologic regime, GPP was found to correlate with turbidity, DO, 
freshwater inflow and total daily radiation, while the NEM correlated with turbidity, DO and freshwater 
inflow. The Bayesian model was found to have a narrower confidence interval and a higher precision than 
a conventional multiple linear regression model. The posterior probability distribution produced by the 
Bayesian model provides useful information for the further analysis of highly complex and uncertain 
environmental systems. It can be a useful tool to understand ecological responses to the combined action 
of alterations to river flow and climate change. 
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